This paper uses a special sample from the Taiwan Stock Exchange to examine the empirical relation between trading frequency and noise. The Taiwan Stock Exchange uses call auctions throughout the day. The time interval between auctions can be either 90 seconds or 4 seconds, which provides the conditions for a natural experiment to examine the effect of trading frequency. The empirical methodology used decomposes the variance of returns into noise and information components; it also allows the two components to be correlated. We found that trading more frequently increases noise significantly.
I. Introduction
This paper studies the relation between the trading frequency and noise.
Understanding this relation not only sheds some lights on the nature of noise, but it also helps us to design a better trading mechanism, of which trading frequency -that is, the time interval between trades, is one element. What is the reason for such a wide range of arrangements for trading frequency?
Can we make any improvements? To answer these questions, we need to understand the effect of trading frequency on noise.
Theoretically, reducing the trading frequency or increasing the time interval between trades can reduce the noise contained in the transaction price. One reason is that the trading process can introduce noise into prices, and so trading less frequently can reduce volatility accordingly (French and Roll, 1986) . Reducing the trading frequency can also reduce volatility by bringing more orders to one clearing. If the number of orders waiting to be cleared increases, it is less likely that one or a few extreme orders will dominate, and consequently the price will be less noisy (Garbade and Silber, 1979; Madhavan, 1992; Mendelson, 1982) .
On the other hand, reducing the trading frequency can also increase the noise contained in the transaction price. The lower the trading frequency, the smaller the number of transaction prices available to investors. This will increase investors' uncertainty, delay the price discovery process, and increase noise (Amihud and Mendelson, 1987; 1991; Madhavan, 1992) .
To examine the effect of trading frequency on noise, this paper uses a special sample from the Taiwan Stock Exchange. The Taiwan Stock Exchange uses batch call auctions to clear trades throughout the day. During our sample period, the time interval between auctions can be either 90 seconds or 4 seconds. Using this sample, we can compare the noise contained in the stock price following a long interval (90 seconds) with that following a short interval (4 seconds). Section II describes the institutional detail of the Taiwan Stock Exchange.
Many empirical papers have addressed the trading frequency issue. Some papers study the difference between the daily opening and closing price, in which the opening price follows a long interval without trade (Amihud and Mendelson, 1987; 1991; George and Hwang, 2000; Stoll and Whaley, 1990) . Some study the change in the trading frequency due to holidays or Exchange closings (Barclay, Litzenberger, and Warner, 1990; French and Roll, 1986) . Other papers study the change in trading frequency on a daily basis (Amihud, Mendelson, and Lauterbach, 1997; Lang and Lee, 1999) .
The empirical results from these studies are mixed. Some papers cannot find any significant difference in noise due to trading frequency (Barclay, Litzenberger, and Warner, 1990; George and Hwang, 2000) . Some find that trading less frequently can reduce noise (Amihud and Mendelson, 1991; French and Roll, 1986; Lang and Lee, 1999) , while others find the opposite to be the case (Amihud, Mendelson, and Lauterbach, 1997 ).
Compared to earlier research, our sample offers several advantages. First, our sample includes transactions that use the same trading method (call auction) but differ only in trading frequency. Second, the nature of our sample allows us to study tick-by-tick returns to focus our attention on noise. Given that the information component of prices is nonstationary and the noise component is stationary, the variance ratio of noise relative to information gets larger as the return interval gets smaller. Therefore, studying tick-by-tick returns can maximize the importance of noise, which allows us to easily detect changes in noise, if there is any, following a change in trading frequency.
Another advantage of our sample is that the sample observations scatter around different days and different times of the day, which ensures that our results are not driven by any other confounding events. Some earlier research suffers from the clustering issue that makes it difficult to attribute their findings solely to the change in trading frequency (Amihud and Mendelson, 1987; 1991; George and Hwang, 2000; Lang and Lee, 1999; Stoll and Whaley, 1990) . The dispersion of sample observations also allows us to develop a correct test statistic that takes into account both cross-sectional and time-series correlations.
Section III introduces the two statistics we use in this paper. The first statistic compares the variance of two return series: these two series are only different in the length of trading intervals. The other one directly compares the variance of noise following a short and a long interval. Both statistics controls for the information component and allows a correlation between information and noise.
Our empirical results are reported in sections IV and section V provides a summary conclusion. We find that the transaction price following a longer trading interval is less noisy. We also find that the reduction in noise gets larger when trading volume gets higher. The implication from these results is that noise is related to the design of the trading mechanism, and one can reduce noise by lengthening the trading interval so that more orders are used to determine the price.
II. Data and institutional features of the Taiwan Stock Exchange
The initial sample includes all intraday trades that occurred in June 1997. There are 382 stocks listed on the Taiwan Stock Exchange (TSE) and 1.42 million observations in the sample.
The TSE has no market makers. The exchange is fully computerized and is an order-driven market. All orders are limit orders and the order book is not available to investors. Orders start to accumulate from 8:30 a.m. and unexecuted orders will only remain on the book until the end of the day, unless cancelled.
During the sample period, trading occurs from 9 a.m. to 12 p.m. Monday to Friday and from 9 to 11 a.m. on Saturday. Trading on the TSE involves two mechanisms: a periodic call auction used to open trading and a batch call auction used throughout the day. In either a periodic or a batch auction, orders accumulate and the computer sets a single market-clearing price at which all executed orders transact. The priority of the order execution depends first on the price and then on the arrival time of orders.
To illustrate the determination of the market-clearing price, we take figure 1 as an example. Suppose, at the instant before the matching, the demand schedule D gives the number of shares investors are willing to buy, while the supply schedule S gives the number of shares investors are willing to sell at different prices. The market-clearing price P t is the price (it is P 3 in figure 1 ) that can maximize the trading volume Q t subject to demand and supply. After the matching, but before any new orders arrive, the best bid (B t ) is the highest bid price from unfilled buy orders; the best ask (A t ) is the lowest ask price from unfilled sell orders. In Figure 1 , all buy orders that are willing to pay P 3 have been filled, and the highest bid price is P 2 . The lowest ask price from unfilled sell orders is the same as the market-clearing price P 3 . After each match, the exchange will only disclose to investors the clearing price P t , the trading volume Q t , the best bid B t , and the best ask A t .
The electronic trading system of the TSE contains several terminals to handle matching. In general, one terminal handles the trading of 12 to 16 stocks. The principle in allocating stocks to terminals is to smooth the computer workload and to give equal trading opportunity for different terminals. Therefore, each terminal will handle both 8 active and inactive stocks.
For each terminal, daily trading is divided into many trading cycles. In principle, each cycle lasts for 90 seconds during our sample period. In any given trading cycle, a terminal sequentially matches orders for all the stocks that it handles. In a given cycle, each stock in principle will be matched at least once, but active stocks can be matched twice. After the first match of a given stock, the terminal will wait for 4 seconds, and then match the same stock again. If new orders that can be matched arrived during this waiting period, there will be a second match in that particular cycle. Figure 2 displays the trading process for a hypothetical terminal that handles trading for two stocks. In the trading cycle n, the terminal will start with matching the 1 st stock, where the transaction price is P 1,s-2 (this is the transaction s-2 for the 1 st stock during the day). Because new orders for the 1 st stock arrived within a few seconds, there will be a 2 nd match for this stock, with the transaction price of P 1,s-1 . Then the terminal will match the 2 nd stock, at a transaction price of P 2,t-1 . Given that no order for the 2 nd stock arrived within the next few seconds, there is only one match for the 2 nd stock, and that concludes one cycle. Therefore, depending on the arrival of orders, there can be one match, two matches, or no matches during any cycle. In figure 2 , for example, there is no match for the 2 nd stock in cycle n+1. seconds, which should come from the second match in one trading cycle (P 1,s-1 or P 1,s+1 in figure 1 ) and we denote these as the short interval. More than half (55.8%) of the sample has a time interval between 40 and 90 seconds, which should come from the first match in one trading cycle (P 1,s , P 1,s+2 , or P 2, t+2 in figure 1 ) and we denote these as the long interval.
1
In this paper, we basically compare the noise contained in the prices following a short interval with the noise contained in a subset of the prices following a long interval.
The reason to use only a subset of the prices, but not all of them, following a long interval is to make the trading interval exogenous to the return process. Given that no new orders arrived within a few seconds after the first match, there will be no second match and we cannot observe a transaction price. It means that, across the whole sample, the observed trading interval is endogenous to the information or noise process. Therefore, P 2, t+2
(following a long interval in figure 1 ) and P 1,s+1 (following a short interval in figure 1) may be different because the intensity of information or noise are inherently different, 1 We delete those prices that occur after an interval greater than 90 seconds because they most likely and not because they follow different trading intervals.
The endogeneity problem can be avoided if we only use a subset of the whole sample. Specifically, we only use pairs like P 1,s+1 (following a short interval in figure 1) and P 1,s (following a long interval), which are transaction prices only several seconds apart for the same stock, to make the comparison. Given such a short lag, it is unlikely, if not impossible, that these two prices will come from different information or noise processes. The difference between these two prices, therefore, should be caused by the difference in trading intervals.
III. Empirical methodology
Our model decomposes the logarithmic transaction price at time t (P t ) into permanent (m t ) and a noise (n t ) component as in equation (1), where the superscript k t donotes the time interval between P t-1 and P t .
The permanent component is assumed to follow a random walk as in equation (2), where u t is the information shock. This shock can be considered a white noise, is orthogonal to information available at time t-1, and is uncorrelated with all lagged noise.
represent a transaction price that followed a trading cycle without matching.
We can further decompose the noise n t into two parts as in equation (3).
The first part of the noise, S*BA t , is related to the realized spread (S) and the direction of the temporary order imbalance (BA t ). When buy orders exceed sell orders temporarily, the price will go up, but it will drop afterwards. To define order imbalance, we use the best ask price on the book (from unfilled sell orders) immediately after the transaction at time t (A t ), and the best bid price on the book immediately after the transaction at time t (B t ). We assume that the time interval between transactions does not affect the direction of the temporary order imbalance.
The second part of the noise, v t , is uncorrelated with the direction of the temporary order imbalance. Both parts of noise can be autocorrelated or correlated with lagged or contemporaneous information shocks. For example, good news may generate buy orders more than sell orders for portfolio rebalancing reasons, and its effect on order imbalance may last longer than its effect on the permanent component. Although it takes longer, we do expect that the effect from information shocks on noise will die out eventually.
Therefore, conditional on information available at time t, the expected noise at a distant future will be zero.
In equation (3), both S and the variance of v t have a superscript k t , which means that they are functions of the time interval between trades. According to French and Roll (1986) , Garbade and Silber (1979) , Madhavan (1992) , and Mendelson (1982) , a longer time interval between trades can reduce noise. On the other hand, a longer time interval may also increase noise (Amihud and Mendelson, 1987; 1991; Madhavan, 1992) .
Although these papers did not separate noise into two components, as an empirical issue, we shall examine both the relation between k t and S and the relation between k t and the variance of v t .
The empirical model in equations (1)- (3) is similar to models used in the literature with one exception (Hasbrouck, 1991a; 1991b; Stoll, 2000) : they differ over the definition of B t and A t . In the literature, B t is the best bid price on the book before the transaction and A t is the best ask price on the book before the transaction. In this paper, B t and A t are the best bid and ask after the transaction. Definitions are different because trading mechanisms are different. In NYSE or Nasdaq, specialists or market makers post the bid and ask to trade with investors continuously. If a market buy (sell) order arrives, it will be matched with the existing ask (bid) and the transaction price will be the ask (bid).
Therefore, in the standard literature, the definition of BA identifies the trade initiator.
Taiwan in contrast is an order-driven call auction market. For each transaction, orders are cumulated over a time interval to clear, and buyers and sellers transact at the same price. Therefore, to compare the transaction price with the bid or ask before the transaction does not give an intuitive economic interpretation. We choose instead to compare the transaction price with the bid or ask immediately after the transaction to capture the impact from a temporary order imbalance. The economic interpretation for the variable BA is that it is the net order measured at the current transaction price.
Appendix 1 provides a more detailed explanation.
If we use equations (1)- (3) to express returns, ( )
To examine the appropriateness of using the variable BA to measure the temporary order imbalance, we run regressions for each stock separately using r t as the dependent variable and ΔBA t (BA t -BA t-1 ) as the independent variable. 2 The first statistic is a volatility difference test that is based on the difference between standard deviations of two return series. One return series is based on transaction prices following a short trading interval (short-to-short return), and the other return series is based on transaction prices following a long trading interval (long-to-long return). Take figure 4 for illustration, P t and P t+2 are transaction prices following a short interval (k t = k t+2 =*), P t-1 , P t+1 , and P t+3 are transaction prices following a long interval (k t-1 = k t+1 = k t+3 =**). If we use equations (1) to (3) to express, then the return between P t-1 and P t+1
(long-to-long return) and the return between P t and P t+2 (short-to-short return) are as 
The variances of the long-to-long return and the short-to-short return are the following, 
The sum of the first two terms is the variance of noise. Based on our hypothesis, the variance of noise from the short-to-short return should be different from the variance of noise from the long-to-long return.
The third term is the variance due to information shock during period t+1. Since the short-to-short return and the long-to-long return overlaps over period t+1, the third term is the same across two variances. The fourth term is the variance of information shock during a short period t or t+2. The length of period t and t+2 is approximately the same, and it is not related to the number of orders arrived. As a result, the fourth term is likely to be the same across two variances. Moreover, since the length of period t and t+2 is much shorter than that of period t+1, the fourth term will be much smaller than the third term. If there is any difference of the fourth term between short-to-short and long-to-long variances, the difference should be small.
The first covariance term in the short-to-short and long-to-long return variances is the 2 nd autocovariance of noise. Given asymmetric information, noise traders will infer information from transaction prices and trade accordingly. When some positive noise traders drive up the price, other noise traders will infer the existence of good news and may also submit buy orders. That makes the autocovariance to be positive. When the time interval between transactions gets longer, more noise traders are likely to submit orders and the autocovariance will get larger. This autocovariance effect will make the long-to-long return variance to be smaller.
The last term in equations (7) and (8) is the covariance between information shock and contemporaneous or future noises. If good news attracts buy orders from noise traders rather than sell orders, the covariance will be positive. When the time interval between transactions gets longer, more noise traders are likely to submit orders and the covariance will get larger. This covariance effect can make the long-to-long return variance to be larger.
Whether our variance difference test is statistically powerful enough depends on the importance of covariance terms. If the difference between two covariance terms is negligible or the difference is similar across long-to-long return and short-to-short return, then we can test our hypotheses using the first statistic. If neither of these conditions holds, then the volatility difference test will not be powerful.
An alternative way to test the difference in noise between different trading intervals is to estimate the variance of noise directly and then make the comparison. Equations (1) and (2) implies that
In the long run, noise will reverse itself and we can estimate it using expected price reversals. Appendix 2 shows that the unconditional variance of noise will be equal to the unconditional variance of the expected price reversal.
Similarly, we can use the estimated noise to estimate all the moments in our model to better our understanding of noise. (2000) present a different method for decomposition, which is based on a VAR model. Unlike their VAR model, our method does not assume a linear structure for tick-to-tick returns. Given the lack of knowledge of the true model, a linear structure is only an approximation. The linear approximation can work very well if the objective is to forecast short-term returns, but it may not be the best model to be used here given our objective is to estimate long-term price reversals. Another advantage of our method is that it is simple to use. All we need is to estimate the long-term price reversal as a linear function of the instruments and then estimate the variance of the fitted price reversal.
IV. Empirical results
A. Short-to-short return versus long-to-long return We shall first compare short-to-short returns with long-to-long returns, both of which represent cumulative return over two transactions. The short-to-short return only uses transaction prices that follow a short interval (less than 10 seconds), and the long-to-long return only uses transaction prices that follow a long interval (40 to 90 seconds). As we argued in Section III, if the difference in the covariance between information and noise is negligible, the difference in the variance of returns will be the difference in the variance of noise.
Over the one-month sample period (June 1997), we can construct 191,205 pairs of short-to-short return and long-to-long return. The sample includes 379 different stocks.
Across stocks, the number of observations is between 2 and 5,980, and the average number is 1,009. Table 2 reports the summary statistics of these 191,205 pairs. They are very similar in terms of trading volume and time interval.
The two return series differ in their dispersion. The short-to-short return series has a much higher variation than the long-to-long return series. The standard deviation is 0.51 versus 0.40 (the variance ratio is 1.66). The difference is not due to some extreme values.
The interquartile range (the difference between the 3 rd and the 1 st quartile) is 0.54 for the long-to-long return and is 0 for the short-to-short return. The difference in dispersion is not due to the price discreteness either. 3 If we examine price changes in the unit of ticks instead of returns, we obtain the same conclusion.
We cannot directly test, however, the statistical significance of the variance difference in The same phenomenon is also observed for the noise component related to the temporary order imbalance. To decompose noise, for each 30-minute interval, we run regression (4) for both short-to-short returns and long-to-long returns. The regression coefficient on ΔBA t is the estimated realized spread S; the residual standard deviation σ v is the estimated noise unrelated to the temporary order imbalance. As reported in the row ΔS in table 3, the realized spread is higher for the short-to-short return than for the long-to-long return. The average difference is 0.097 and is significantly positive. For the residual standard deviation (row Δσ v ), the average difference is 0.071 and is also significantly positive.
The evidence in table 3 is consistent with the hypotheses that a longer time interval between trades or a lower trading frequency can reduce noise. Two explanations have been proposed for this occurrence. French and Roll (1986) postulate that the process of trading itself can generate noise, perhaps due to overreaction. Garbade and Silber (1979) , Madhavan (1992) , and Mendelson (1982) , on the other hand, argue that a lower trading frequency can reduce volatility by bringing more orders to one clearing.
The two explanations, however, have different implications for trading volume. The
Garbade-Silber-Madhavan-Mendelson explanation indicates that there will be a larger reduction in noise when the difference in the number of orders matched in an auction gets larger. The French-Roll explanation, although not explicitly laid out, implies just the opposite (or, at the very least, that there will be no discernable relation at all).
The TSE does not disclose the number of orders matched; it only discloses the number of shares traded and we use it as a proxy. For each 30-minute interval, we calculate the average number of shares traded following a long interval and a short interval and compute their difference. As expected, the trading volume following a long interval is greater than the volume following a short interval. The average difference in The time-of-the-day effect can also explain the difference between numbers in number of observations as well as the largest difference in noise, equal weighting given to each 30-minute interval will reduce the average difference.
The advantage of comparing the standard deviation between short-to-short returns and long-to-long returns is that it can hold constant the information amount, trading volume, price level, and time interval. Its weakness is that it is based on the assumption that, across two return series, the difference in the covariance between information and noise is negligible. To relax this assumption, in the following, we estimate noise directly.
B. A direct estimate of the variance of noise
The model in section III shows that noise is the expected price reversal. To calculate price reversals P t -P t+j , we follow Huang and Stoll (1996) in using the first transaction price observed 30 minutes after t as P t+j . 5 To estimate the expected price reversal at time t, we use lagged returns and lagged order imbalance variables from time t-3 to t-1 as instruments. We also allow coefficients on these instruments to differ across different trading intervals. The regression is estimated for each stock separately. Huang and Stoll (1996) use the price reversal to estimate the realized spread S.
decide the variation of returns.
The coefficients reported in table 4 shows that the shorter the time interval between transactions, the larger the coefficient on lagged returns. The interpretation is that, when the time interval gets shorter, the price contains more noise and there will be more price reversal.
Using the fitted value as an estimate for noise, we can decompose the variance of return into four components: VAR(u t ), VAR(n t ), COV(n t , n t-1 ), COV(u t , n t ) (see equations (9) and (10)). The decomposition results are reported in table 5. In tick-by-tick returns, noise is more important than information. On average, more than half of the total variation of return (55%) is due to noise (VAR(n t -n t-1 )), and only 35% of the total variation is due to information.
The covariance between information and noise is positive and is responsible for 10% of the total variation. The existence of a nonzero covariance will bias the variance ratio test (George and Hwang, 2001 ). When there is good news, investors will submit buy orders that drives up the price. Part of the price increase may be due to a temporary order imbalance and the price will be reversed afterwards.
To test the hypothesis that a shorter trading interval will introduce more noise into the price, we compare the estimated noise after a short interval with the estimated noise after a long interval. An interval is short if it is less than 10 seconds; it is long if it is between 40 and 90 seconds. To make the information process during the long interval as similar as possible to the process during the short interval, we only choose those long intervals that are followed immediately by a short interval. There are 252,582 pairs in the sample. Table 6 reports summary statistics of those transactions following a short or a long interval. The trading volume of transactions following a short interval is much lower than that following a long interval. The median volume is 6,000 versus 30,000 shares. In contrast, the volatility of the noise component following a short interval is higher than that following a long interval. The median standard deviation is 0.262 versus 0.215. The variance ratio is 1.48, which is comparable to the variance ratio in table 2 (1.66).
To test the significance of the difference, we calculate the standard deviation of noise within each 30-minute interval. We report in table 7 the summary statistics of the difference over 111 30-minute intervals. 6 For each and every one of the 111 intervals, the standard deviation of noise is higher following a short interval than following a long interval; so also are the realized spread and the standard deviation of the noise residual.
The evidence is consistent with results reported in table 3. The evidence is also consistent with the hypothesis that a shorter trading interval will introduce more noise into prices.
Panel C of table 3 examines the correlation between the difference in noise and the difference in trading volume. The correlation is significantly negative. This is consistent with the explanation that a lower trading frequency will reduce noise because it can bring in more orders to be matched (Garbade and Silber, 1979; Madhavan, 1992; Mendelson, 1982) .
V. Conclusion
This paper examined the relation between trading frequency and noise. Using a special feature of the Taiwan Stock Exchange, we were able to compare transactions that occurred under the same trading method but which differed in trading frequency. We found that, in our sample, trading less frequently correlated with a reduction in noise, and that this reduction increased as the volume increased. Our results are consistent with the explanation that reducing trading frequency will bring more orders in an auction and that noise will drop accordingly. The implication of our results is that noise is related to the design of the trading mechanism, and one can reduce noise by lengthening the trading interval so that more orders are used to determine the price.
Appendix 1
To understand our definition of temporary order imbalance BA, we first describe the setting of an auction market at time t. Suppose, right before the matching, the demand schedule D(P) gives the number of shares investors are willing to buy, while the supply schedule S(P) gives the number of shares investors are willing to sell at price P. The transaction price P t is the price that can maximize the trading volume Q t subject to demand and supply. After the matching, but before any new orders arrive, the best bid (B t )
is the highest bid price from unfilled buy orders; the best ask (A t ) is the lowest ask price from unfilled sell orders.
Taking figure 1 as an example, there are only four possible prices (P 1 to P 4 ) at which buyers and sellers are willing to trade. Demand and supply intersects at P 3 , therefore, the transaction price P t will be P 3 and the number of shares that can be traded at this price is Q t . At the transaction price, all buy orders that are willing to pay P 3 have been filled, but there are orders left unfilled that are willing to sell at P 3 . Therefore, the net order (buy minus sell) at P 3 is negative and there is an order imbalance. We can determine the direction of the order imbalance or the sign of the net order by comparing the transaction price with the best bid and ask. Since the best bid B t is P 2 and the best ask A t is P 3 , the net order is negative when the best ask is equal to the transaction price. Figure 1 . The transaction price is equal to the best ask. Line D (S) is the demand (supply) schedule. The transaction price is P 3 , the best ask after the transaction is P 3 , and the best bid after the transaction is P 2 . between different trading intervals. P t-1 and P t+1 are transaction prices following a short trading interval. P t-2 , P t , and P t+2 are transaction prices following a long trading interval. P t+1 P t-1 P t P t+2 P t+3 Table 2 . A comparison between the short-to-short and the long-to-long returns.
Both returns are a cumulative return over two transactions. The short-to-short return only uses transaction prices that follow a short interval, and the long-to-long return only uses transaction prices that follow a long interval. Returns are continuously compounded returns in percentage, volume is in the unit of 1,000 shares, and interval is in the unit of seconds. The sample includes 379 stocks. Across stocks, the number of observations is between 2 and 5,980, and the average number is 1,009. The total number of observations is 191,205 pairs of short-to-short return and long-to-long return. D 1,t is a dummy variable that equals one if the time interval between transaction t-1 and t is no more than 10 seconds, D 2,t is a dummy variable that equals one if the time interval between transaction t-1 and t is more than 10 seconds but is no more than 90 seconds, D 3,t is a dummy variable that equals one if the time interval between transaction t-1 and t is more than 90 seconds. The regression is estimated for 382 stocks separately. Across stocks, the number of observations ranges from 207 to 7,211 and the median is 2,821. An interval is long if the time interval between is between 40 and 90 seconds; it is short if it is no more than 10 seconds and immediately follows a long interval. The noise n t is the fitted value of price reversal 30 minutes after a transaction, the fitted value is estimated using regressions reported in Table 7 . The difference in noise between returns following a short interval and returns following a long interval.
Mean
X t is one of the three measures of the difference in noiseΔσ n , ΔS , and Δσ v , constructed from returns following a short interval and returns following a long interval. An interval is long if the time interval between is between 40 and 90 seconds; it is short if it is no more than 10 seconds and immediately follows a long interval. The noise n t is the fitted value of price reversal 30 minutes after a transaction, the fitted value is estimated using regressions reported in 
